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Abstract. As viruses like SARS-CoV-2 and pandemic influenza become endemic, their spread is
shaped by decreasing population immunity and the emergence of new variants that either spread more
easily or bypass existing immunity. Traditional modeling of these dynamics has been challenging due
to increased computational demands as the number of strains and immune profiles grow. We introduce
a simplified epidemiological model that incorporates viral evolution, immunological and transmission
dynamics, as well as variant-specific factors like disease severity. This model, based on the standard SIR
framework and using a COVID-19 specific parameters, explores the interaction between immunological
and evolutionary mechanisms. It suggests that in the absence of broad cross-immunity, different variants
can co-exist together. The model predicts that viruses with higher transmissibility, mutation rates are
more likely to evolve, while variants with reduced immune escape have a higher emergence potential. In
scenarios where an emerging variant’s transmissibility doubles, the model forecasts a sevenfold increase
in cases over 2,000 days. While parameterized using COVID-19 data, our model can be adapted for
other viruses with evolving strains, such as influenza or Dengue. Hence, it promises to enhance our
capacity to predict variant developments and guide public health strategies.
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1. INTRODUCTION

Virus evolution and variant emergence are critical concerns in public health due to their potential to sig-
nificantly alter the course of infectious disease outbreaks [1]. As viruses replicate, they can mutate, leading to
the creation of new variants that may have different characteristics from the original strain. These new vari-
ants can be more transmissible, potentially increasing the speed and reach of an outbreak and placing greater
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strain on healthcare systems [2]. They may also be more virulent [3], causing more severe disease and leading to
higher rates of hospitalization and mortality. Additionally, existing vaccines and treatments may be less effective
against new variants, undermining public health efforts to control the spread of the virus and protect vulnerable
populations [4]. Together, these factors underscore the importance of robust surveillance, rapid response, and
ongoing research to monitor virus evolution and address the public health challenges posed by emerging variants.

The COVID-19 pandemic has brought to our attention the threat posed by new variants on our public health
systems. Throughout the COVID-19 pandemic, the SARS-CoV-2 virus has exhibited a capacity for genetic
evolution, resulting in the emergence of multiple variants. Some of these variants have been characterized by
enhanced transmissibility, altered virulence, and, critically, varied susceptibility to neutralization by the anti-
bodies generated from prior infection or vaccination. Simultaneously, the natural waning of immune responses
over time, post-infection or post-vaccination, has raised concerns about the potential for reinfections and break-
through cases, especially in the face of these emerging variants [5]. Vaccines, while remarkably successful in
reducing severe disease and transmission, can sometimes face challenges in effectively reducing the spread of
certain variants. Although they can often still confer protection against severe outcomes in most cases. The
interplay between virus evolution and immunological dynamics underscores the dynamic nature of the pan-
demic and the need for the development of new modeling frameworks which integrate these mechanisms in a
flexible way.

COVID-19 is just one of many RNA viruses characterized by the ongoing emergence of variants. Influenza and
the human Respiratory Syncytial Virus (RSV) experience alternating seasonal variant emergence. Other rapidly
mutating viruses like Hepatitis C Virus (HCV), dengue, Ebola, and Zika have undergone numerous genomic
changes since their initial spillover. The mechanisms behind variant emergence are not yet completely under-
stood, but research suggests a combination of factors including high mutation rates, immune response-driven
selective pressure [6], recombination events [7], varying population immunity levels [8], and human behavioral
influences [9] as key drivers in the evolution and persistence of RNA viruses.

Epidemiological models are vital tools in understanding and predicting the spread of diseases within popula-
tions [10]. These models can be broadly categorized into deterministic and stochastic. Deterministic models, like
the Susceptible-Infectious-Recovered (SIR) model [5, 11, 12], provide average outcomes and assume fixed param-
eters, often using differential equations. In contrast, stochastic models account for randomness and uncertainties
inherent to disease transmission [13, 14]. They offer a range of possible outcomes depending on the source of
the considered uncertainties. Additionally, within these categories, models can be compartmental, where popu-
lations are divided into distinct groups like susceptible, exposed or infectious [15], or agent-based [16, 17], where
individual entities and their interactions are simulated. Immuno-epidemiological models are another approach
which aims to integrate the effect of immunity on the progression of epidemics. Some of these models are multi-
scale and explicitly integrate within-host infection and between-host transmission models [18-20], while others
are continuous and integrate the effect of population immunity into infectious disease dynamics [21-24]. Each
type of model offers unique insights, and the choice often depends on the specifics of the disease, available data,
and the questions being addressed.

The competition between variants was previously investigated using multi-strain models [25-28]. These mod-
els explicitly describe the transmission dynamics of a group of co-circulating strains using a system of equations
for each of them. Some of the developed multi-strain models are compatible with phylogenetic data, which
increases their ability to predict the competition patterns between virus strains [29]. Their advantage is that
they can be analyzed analytically and numerically. However, they require assuming some additional conditions
regarding the seeding of new variants, which limits their applicability for studying the dynamics of variant
emergence. At the host level, the competition between variants within hosts was also studied using multi-strain
models [30]. The integration of epidemiological models with immunodynamics and evolutionary biology has
given rise to advanced phylodynamic frameworks [31-33]. These models are suitable for the study of questions
related to the analysis of dynamic forces that regulate the emergence and co-circulation patterns observed in
RNA viruses. Multi-strain immuno-epidemiological models were also developed to gain insights into the devel-
opment of multivalent vaccines [34]. Others were combined with phylogenetic and ecological data to investigate
the ecological and immunological factors driving influenza evolution [35].
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Further, reaction-diffusion equation-based models were developed and analyzed to determine the relationship
between viral load and virulence, genotype distribution, and the strength of the immune response [36, 37].
A similar genotype-structured model was developed and analyzed to study the emergence of variants at the
population level [38]. This model assumes that the infection rate of variants depends on the strain by which the
susceptible individual gets infected and considers that the virus transmissibility changes according to the virus
strain. Genotype-structured models were also developed and applied to investigate problems originating from
ecology [39], viral infection [40], and tumor growth [41, 42].

To overcome the growing complexity of the immunological and evolutionary landscape of COVID-19, several
immuno-epidemiological models were developed [43, 44]. We have previously developed a framework that explic-
itly tracks population immunity and it’s impact on virus suceptbility and virulence [24]. The model describes the
growth of different COVID-19 variants using logistic functions fitted to genomic data. It calculates the average
susceptibility and severity of the disease based on the history of infections and vaccination. Immune escape is
captured by considering that emerging variants reduce the efficacy of prior immunity, while immune waning is
modeled by assuming exponential decay of immunity. The model was initially used for making accurate pro-
jections of the burden of surges driven by Omicron variants. Then, it was applied to provide timely scenario
projections to the COVID-19 and flu Scenario modeling hub [45]. Recently, it was used to provide tripledemic
projections which aimed to assess the combined impact of COVID-19, flu and RSV [46], as well as determining
equitable vaccination strategies that protect the vulnerable Hispanic population in El Paso County, Texas [47].

In this work, we propose to extend our previously developed immuno-epidemiological modeling approach
by incorporating virus evolution and variant emergence [24]. Immuno-epidemiological models incorporating
fitness landscapes and evolution were specifically developed for influenza to explore key questions, such as
the co-circulation and re-emergence of variants [35, 48]. The model is structured according to the genotype of
harbored viruses by infected individuals and a diffusion term is used to capture the changes in the genotype
due to virus mutations. The efficacy of population immunity in reducing the transmission and severity of the
virus strain depends on the genotypic distance between the harbored antibodies and the circulating strains. We
consider fitness landscapes consisting of an original and emerging variant separated by a genotypic distance.
We parameterize the model using available literature estimates for COVID-19 transmission and apply it to gain
insights into the factors regulating the emergence and competition of variants.

2. METHODS AND MODELS
2.1. Model description

In this section, we introduce a novel epidemiological model that is structured according to the virus genotype.
It captures population immunity through a specific state variable, similar to our previous models for COVID-19,
flu and RSV [24]. The model was previously applied to study the co-circulation and competition patterns of
influenza variants [49]. We denote the virus genotype by x and consider that it belongs to a one-dimensional
genotype space X which characterizes the genetic potential for virus transmission. We assume that the unit
considered for the genotype is an arbitrary genetic unit (G.U.). Given the theoretical nature of the study, we
consider a bounded genotype space which extends from —2 to 10 G.U. (i.e. arbitrary genetic unit). Changes in
the virus genotype occur as a result of mutations during virus replication. We model this effect as a diffusion
process that describes the changes in the genotype of the virus genotype during infection. The effect of cross-
immunity is captured by considering that the efficacy of the generated population immunity depends on the
genotypic distance between the strain harbored by infected individuals and antibodies in the population. A
schematic representation of the model dynamics is provided in Figure 1, A. To study the emergence of new
variants, we consider a function for the infection rate (5(z)) that reflects a fitness landscape that consists of two
variants: (i) variant 0, which represents the original variant that is imported initially into the population and
which we consider to be centred at xg, and (ii) variant X which can potentially emerge during infection and is
considered to be centred at z;. We assume that each of these variants has a radius of 0.5 G.U. In other words,
variant 0 extends from zg — 0.5 to x¢ + 0.5, where z( is the center of variant 0. We begin with the population
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FIGURE 1. (A) The model dynamics are schematically represented, illustrating the progression
from the susceptible group (S) to the infected (I), recovered (R), and deceased compartments
(D). During infection, individuals in the infected state experience phenotypic alterations result-
ing from the mutations acquired by the virus during replication. Similar to our previous models
[24], individuals in the recovered state rapidly lose immunity, but they contribute to the over-
all population immunity level, denoted by M. This population immunity level modulates the
average susceptibility and disease severity, which varies based on the genotype of circulating
strains and the extent of cross-immunity. (B) A representation of the fitness landscape for the
basic reproduction number that is considered in the simulations to study variant emergence
and competition. It shows two viable spaces corresponding to two variants 0 and 1 separated
by a genotypic distance Az = |zg — x1|. Variant 1 has a transmissiblity advantage over variant
0, described by assuming an elevated relative infection rate.

of susceptible individuals, which does not depend on the virus genotype:

as . . I(x,t) . o Ode
W 0=50 [ 00 o [, R @1)

Here, the first term on the right-hand side of the equation describes the infection of susceptible individuals,
with 8 denoting the infection rate, K is the efficacy of immunity against susceptibility, and dy is the cross-
immunity broadness. The second term represents the transition of individuals from a recovered compartment
to a susceptible one, which is assumed to occur very fast in the model and whose rate is denoted by . Next,
we describe the population of infected individuals. These individuals are structured according to the phenotype
of the virus that they harbor:

ﬂ(x,t) = 0(t)Al(x,t) + B(2)S(t) YKL di((z ZO)M(y t)dy

5 — prI(z,t)
(1) (2.2)

TIPTEK, [ 6oy, do) M (y, D) dy

Here, the first term on the right hand side of the equation represents the changes in the genotype of infected
individuals harboring the virus due to acquired mutations during infection. This change is driven by virus
replication during infections. Assuming that each host undergoes a replication of variants during infections, we
can model the genotype change in each host as independent diffusion processes. Assume that these diffusion
processes are independent of x, we can also describe multiple diffusion processes occurring in multiple hosts at
the same time as another diffusion process as shown in Figure 2.



THE INTERPLAY BETWEEN EVOLUTIONARY AND IMMUNOLOGICAL DYNAMICS REGULATES VIRUS 5

t=0days t=>5days S t=0days

individual 1
individual 2
individual 3

Individual 1~ 10 | o1 5 1.0

T 0.8

w i oos i i 0.6

0.4

Individual 2~ 10 014

04 t=5days

Individual 3

Genatype space (X) Gentype space ()

FIGURE 2. A scheme describing the effect of changes in the genotype of individuals due to
virus mutations on the genotype of the virus harbored by the population. Three individuals
are considered to be initially infected with different strains. Their viral load undergo mutations
during five days, which we model as a diffusion process. The distribution of each individual
changes accordingly. Since these three processes are independent, the distribution of all infected
individuals across the genotype space also undergoes a diffusion process, as shown in the right-
hand side of the figure.

To introduce the effect of variant plasticity, we consider a time-dependent diffusion coefficient. It considers
that the total number of mutations is proportional to the number of new infections:

. N I(x,t)
0(t) = S/X B( )1+K1 [x ®x(y,do) M (y, t)dy

dx

The second term on the right-hand side of the equation describes the infection of susceptible cells, which is
reduced by the level of population immunity (M). Here, we describe population immunity as the total antibody
concentration against a specific strain relative to the total population [24]. It can also be interpreted as the
proportion of the population with full protection against the strain, as in another work [50]. The third and fourth
terms describe the recovery and mortality of infected cells, respectively. The impact of population immunity is
captured by considering that the reduction in susceptibility and severity depend on the broadness of population
immunity (dp), described as follows:

Jx L(Qy’t) (1 + cos (\yd—owl)> if |z —y| < do
0 elsewhere

/ (bx(ya dO)M(y7 t>dy = {
X

Captured using a radial-basis function to describe the relative efficacy of immunity against strains depending
on the genotypic distance between them and the generated antibodies [51]. The third and fourth terms describe
the recovery and death of infected individuals, respetively. The rates of recovery and mortality are denoted by
w1 and po. Note that population immunity also inhibits the mortality of infected individuals with an efficacy
equal to K5. After that, we consider the following equation for recovered individuals, also considered structured
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according to the phenotype of the virus by which they were infected:

O 1) = I (w,0) — 6R(, 1), (2.3)

where the first term on the right-hand side of the equation describes the recovery of infected individuals, while
the second describes the transition of recovered individuals to the susceptible compartment. In our model, we
consider that recovered individuals enjoy a short period of protection and then become susceptible once again
[24]. The level of average susceptibility to infections depends on the level of population immunity. To track the
number of deaths caused by each variant, we describe the changes in the population of deaths as follows:

@(x P = I(x,t)
dt Y TR, [ 6e(y, do)M(y, t)dy

(2.4)
Here, the term on the right-hand side of the equation represents the increase in deceased individuals. Finally,

we consider the level of population immunity generated through infections, stratified according to the genotype:

37M<x =k R(z,t)
’ N(1+ K [y ¢2(y,do)M(y,t)dy)

5 —wM(x,t), (2.5)

where the first term on the right-hand side of the equation describes the increase in population immunity due to
recoveries and the second characterizes the loss of immunity due to immune waning, with k and w representing
the rates of immunity increase following recoveries and immune waning, respectively, and N denoting the
population size.

2.2. Model calibration and computer implementation

Parameters are varied to study the conditions of variant 1 emergence and the burden associated with it. In the
absence of any indications, we consider the default parameters shown in Table 1. The baseline parameters were
taken for the case of the initial COVID-19 wave in the United States, although the model can be practically fitted
to any other pathogen and area. The infection rate of variant 0 is estimated by fixing the basic reproduction
number and recovery rate, and then using the formula to derive variant 0’s infection rate. The basic reproduction
number is calculated using the next generation matrix method [52, 53], similarly to a previous work [54]

_ BN
0 [1/1"‘/142,

where N is the size of the population. The simulation is initiated by considering 10 infected individuals with a
strain equal to xg, modelled as a normal distribution with a very small variance equal to 0.02, to account for
the relative diversity of strains that consist the initially inhaled virus dose:

B 10 ox _1—(33—3:0)2
I(z,0) = 70.02\/% P ( 50002 ) . (2.6)

The numerical implementation of the model is conducted by discretizing the genotype space using a space
step of dz = 0.1 G.U. The time step for the simulations is equal to one day (d¢t = 1 day). The equations
are implemented using the Euler-explicit schemes and the diffusion terms are discretized using the second-
order central scheme. The code was implemented in the Python programming language. The CPU time for a
simulation of 2000 days is estimated at 21 seconds on a computer with an AMD Threadripper processor and
64 GB of RAM. The code is written in a Jupyter notebook and is publicly accessible at the following url:
https://github.com/MPS7/Genotype SIRM.
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TABLE 1. Default values for the parameter used in the model. G.U. denotes an arbitrary unit
in the genotype space.

Parameter Value Calibration method or reference

N 3.2 x 10® (nondimensional) US population
Ro 3 (nondimensional) approximate to COVID-19 case

) 1/10 day ™" [24]

o 5 x 107° (G.U.)?/day arbitrary

1 0.985 x 1/5 day ™1 98.5% CFR and 5 days recovery period
b2 0.015 x 1/5 day™* 98.5% CFR and 5 days recovery period
do 3 G.U. arbitrary

K, 4 (nondimensional) 80% protection against transmission [24]
K, 18 (nondimensional) 95% protection against death [24]

k 3.18 day ! fitted such that immunity corresponds to seroprevalence data
K 100 (nondimensional) [24]

w 1/(30 x 8) day ™! Half-life time of immunity is 8 months [55]
adv 0% default advantage is 0%

esc 3(G.U.) default genomic distance is 3 (G.U.)

3. NUMERICAL EXPERIMENTS

3.1. Broad cross-immunity is necessary for the extinction of previous variants

Our study starts by examining the dynamics of variant emergence and competition under the default parame-
ter set (Table 1). We analyze a fitness landscape comprising two variants with identical transmissibility, separated
by a genotypic distance of 3 genomic units (G.U.). We calculate the number of new cases generated by each
variant as follows:

_ ot I(z,1)
Trewl®) = S0 /_ O Ry T a2 o) M, )y ™
e B z1—7 1+ K fX (bw(yde)M(yat)dy .

Initially, variant 0 triggers an infection wave, peaking around day 110 (see Figure 3A). Subsequently, infection
numbers drop until day 150, when waning immunity provokes a resurgence of variant 0. Towards the end of
this wave, variant 1 emerges, instigating a new infection wave that peaks at numbers roughly 10% lower than
the initial wave. Following this, the two variants enter a phase of alternation, driving successive waves with
diminishing impact, attributable to heightened immunity levels. Over 2000 days, these variants collectively
account for 10,015,360 infections and 34,990 fatalities. Variant 1 was responsible for 39.69% of the reported
infections. Figures 3A—C show the evolution of infections, deaths, and population immunity generated by each
of the considered variants. Figure 3D depicts the portion of cases caused by variants 0 and 1. It shows that the
two variants alternate in predominance and transition towards co-existing by the end of the simulation time.
Our analysis continues by considering that variant 1 is 50% more transmissible than variant 0. Under this
scenario, we observe an alternation in dominance between the two variants. However, when we extend the
breadth of cross-immunity to dy = 4 genomic units (G.U.), the robust immunity elicited by variant 1 impedes
the resurgence of variant 0, leading to its extinction. Consequently, variant 1 remains the sole driver of infection
and reinfection waves. Cumulatively, these two variants result in 25,092,644 infections and 87,599 deaths, with
variant 1 accounting for 89.21% of the total infections. Figures 5A, B, and C illustrate the infection numbers,
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FIGURE 3. Results of numerical experiments showing two alternating variants. These results
were obtained by considering the default parameter set. (A) The simulated number of daily
infections caused by variants 0 and 1. (B) The number of deaths induced by variants 0 and
1 infections. (C) The level of population immunity against the two variants 0 and 1. (D) The
portion of new infections caused by variants 0 and 1, showing an extinction of variant 0.
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FIGURE 4. Results of numerical simulations when considering that variant 1 has a 50% trans-
missibility advantage and increasing the breadth of cross-immunity to dy = 4 G.U. (A) The
simulated number of daily infections caused by variants 0 and 1. (B) The number of deaths
induced by variants 0 and 1 infections. (C) The level of population immunity against the two
variants 0 and 1. (D) The portion of new infections caused by variant 0 and 1, showing an
alternation in predominance.
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FIGURE 5. The portion of new infections caused by variant 1 when various parameters are
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cross-immunity and the mutation rate, (C) the level of immune escape of variant 1, or genotypic
distance separating the two variants, and the mutation rate, and (D) immune escape of variant
1 vs. cross-immunity breadth.

fatalities, and immunity levels associated with each variant, respectively. Figure 5D displays the proportion of
infections attributable to each variant.

3.2. Evolutionary and immunological factors driving variant emergence

Leveraging the model’s relatively low computational cost, we conducted various numerical experiments to
pinpoint the conditions that facilitate variant emergence. These simulations involved changing key parameters
related to the virus’s epidemiological, evolutionary, and immunological traits. Focusing on the epidemiological
aspect, we limited our analysis to the basic reproduction number (Rg) of variant 0. We examined the effects
of the mutation rate (o), the breadth of cross-immunity (dp), and the genotypic distance separating the two
variants (esc = Az = |zg — x1|). To estimate the likelihood of variant 1 emerging, we calculated its proportion
of total infections using the formula:

Lnew(n)
Inew (n) ’

n
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where I!_.(n) and I,.,(n) represent the new infections caused by variant 1 and by all strains in day n,
respectively.

Figure 5, A illustrates the proportion of infections caused by variant 1 across a range of basic reproduction
numbers of variant 0 and mutation rates. Our simulations reveal that a basic reproduction number exceeding 3
is necessary for this variant to emerge. This happens because a higher basic reproduction number increases the
rate of infections, leading to more virus replication. The emergence likelihood escalates with higher mutation
rates. Specifically, a mutation rate paired with an R greater than 4.5 leads to variant 1 dominating, accounting
for over 48% of the infections. Figure 3 demonstrates the impact of cross-immunity breadth (dp) and mutation
rate (o) on the emergence of variant 1. The results indicate that extensive cross-immunity hinders the emergence
of this variant, particularly at lower mutation rates. Higher cross-immunity enables the immunity developed
against variant 0 to provide partial protection against variant 1. However, as the mutation rate escalates, the
proportion of infections caused by the emerging variant 1 rises, even in the presence of wider cross-immunity.

Figure 5C presents the likelihood of variant 1’s emergence under simultaneous changes in its immune escape
potential and the virus’s overall mutation rate. Immune escape is quantified by the genotypic distance between
variants 0 and 1 (Az = |x; — x|). Our simulations reveal that a high level of immune escape leads to lower
infection proporitions caused by variant 1, even with a comparatively high mutation rate. This happens because
a greater genetic distance between the two variants makes it less likely for the virus to evolve sufficiently to
reach variant 1. Figure 5D illustrates the joint influence of immune escape and cross-immunity on the emergence
of variant 1, indicating that diminished cross-immunity and a smaller genotypic gap between variants 0 and 1
promote the emergence of variant 1.

3.3. Broad cross-immunity significantly reduces burden and frequency of surges driven
by the emergence of highly transmissible variants

We explore the influence of cross-immunity on variant dynamics by conducting simulations that vary both the
cross-immunity breadth (dg) and the relative transmissibility of variant 1. In scenarios where variants exhibit
equal transmissibility, an increase in cross-immunity breadth from 2 genomic units (G.U.) delays variant 1’s
emergence (Figure 6A) and decreases cumulative infection incidents by 32.01%. increasing variant 1’s trans-
missibility reveals that greater cross-immunity reduces the total case incidence by 45.08%, underscoring the
critical role robust immunity plays in mitigating the impact of highly transmissible variants. It also reduced the
frequency of the incidence of surges as shown in Figure 6B.

In our research, we systematically assess cross-immunity’s role in viral variant dynamics by modifying its
breadth (dp) alongside variant 1’s transmissibility advantage. Simulations show that when variants have equiv-
alent transmissibility, expanding cross-immunity to 2 genomic units (G.U.) not only postpones the emergence
of variant 1, as depicted in Figure 6A but also reduces the overall number of infections by 32.01%. This effect is
more pronounced when the transmissibility of variant 1 is increased; in such scenarios, a broader cross-immunity
spectrum results in a substantial 45.08% decrease in total case incidence. These findings illuminate the critical
influence of robust cross-immunity in controlling the outbreak and spread of highly transmissible viral variants,
underscoring its importance in both public health planning and disease mitigation strategies.

3.4. Slower immune waning reduces the burden caused by the emergence of highly
transmissible variants

Our study investigates how the speed of immune waning influences the epidemic’s trajectory and impact
over the 2000-day simulation period. We conduct simulations varying both the immune waning rate (w) and
the transmissibility of variant 1. With rapid immune waning, the number of infections remains elevated post
major epidemic surges due to the virus continually infecting individuals with partial protection, as shown in
Figure 7, A. Conversely, a slower immune waning rate results in minimal infections following each surge, also
impacting surge frequency. Specifically, when immunity’s half-life is set at 12 months, only two major surges are
observed, in contrast to multiple smaller surges seen with shorter immunity half-lives. This analysis underscores
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FIGURE 6. The number of daily incident cases in the case where variant 1 has the same trans-
missibility as variant 0 (A) and when variant 1 has a 20% transmissibility advantage over
variant 0. (C) The increase in the cumulative incidence of infections for different values of the
cross-immunity broadness and transmissibility advantage relative to the case where dy = 5 G.U.
and adv = 1%. (D) The portion of infections caused by variant 1 for different values of the cross-
immunity breadth and variant 1 transmissibility advantage.

the significance of the immune waning rate in determining both the intensity and frequency of infection surges
in an epidemic.

Figure 7B illustrates the relative increase in the cumulative burden of infection during a 2000-day period when
the half-life time of immune waning and the transmissibility of variant 1 are both varied. It shows that both
increasing the speed of immune waning or elevating the transmissibility advantage exacerbate the cumulative
number of infections.

4. DISCUSSION

This study introduces a novel infectious disease modeling framework that seamlessly integrates crucial evolu-
tionary and immunological drivers of variant emergence and competition. It incorporates elements contributing
to virus evolution, such as the mutation rate, as well as mechanisms regulating the efficacy of population
immunity, such as cross-immunity, immune waning, and immunity-specific efficacy. Our framework can be eas-
ily calibrated to incorporate the epidemiological, immunological, and evolutionary dynamics of any pathogen.
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FIGURE 7. (A) The daily number of new infections for different immune waning rate values.
(B) The relative increase in the number of infections compared to the case where the half-life
time of immunity is 12 months and the transmissibility advantage of 1.

After calibrating the model, we reveal two primary patterns in variant dynamics, depending on the cross-
immunity levels and the transmissibility of emerging variants. In scenarios where the emergent variant is similar
to the original in transmissibility, a pattern of alternating dominance is observed, similar to seasonal respiratory
viruses like influenza and RSV. The incorporation of additional parameters, such as viral frequency and sea-
sonal fluctuations, could synchronize these alternating cycles with seasonal changes, enabling the climate-driven
resonance observed in influenza variant alternations [56].

Increasing the transmissibility of variant 1 and cross-immunity breadth in our model shows variant 1 becoming
dominant, preventing variant 0’s resurgence. In such scenarios, the rise of variant 1 drives new infection waves
as immunity levels wane, similar to SARS-CoV-2 dynamics where fitter variants eclipse their predecessors. Our
findings indicate that these dynamics occur with high cross-immunity breadth, as the strong immunity from
the dominant variant effectively prevents the re-emergence of its predecessor. Hence, selective pressure from
immunity is necessary for the extinction of the less aggressive variant. These results agree with the pathogen
invasion theory (PIT) developed using a different modeling framework [57].

In our numerical experiments, we have explored the conditions that lead to the emergence of new variants,
focusing on the virus’s evolutionary potential, immune-driven selective pressure, and characteristics of emerging
variants. Our simulations reveal that a high basic reproduction number is essential for variants to emerge, even
with higher mutation rates, as fewer infections mean fewer opportunities for viral replication and mutation.
These findings agree with the dynamics of variant emergence in COVID-19. Indeed, the emergence of highly
transmissibile variants and their predominance has accelerated the rate by which the virus evolves, leading to
more frequent emergence of variants. Thus, reducing infection rates through non-pharmaceutical measures could
diminish variant emergence chances. Additionally, our results suggest that broad cross-immunity lowers variant
emergence chances. We can specualte that the development of cocktail vaccines that offer protection against
multiple strains will minimize the chances of variant emergence. Further, we have shown that immune escaping
variants are less likely to emerge, especially when the mutation rate is lower or the cross-immunity is higher.

We explored how immunity characteristics impact the burden of variant emergence. Our simulations revealed
that enhanced cross-immunity significantly lowers the frequency and severity of infection waves, particularly
when a variant has a transmissibility advantage. Slowing down the rate of immune waning also impacted
wave frequency and reduced infections between waves. These findings underscore the importance of developing
vaccines that provide broad, long-lasting protection to effectively manage the burden of emergent viral variants.

Our research acknowledges certain limitations. Firstly, we model genetic drift in infected populations as
following a diffusion process, where the genetic drift caused by each mutation is considered to be sampled
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from a normal distribution, in agreement with several previous theoretical studies [36-38] but differing from
others that use distributions like the log-normal [58]. This choice allows the derivation of a system of reaction-
diffusion equations, which describes the population-level changes in the genotype. Secondly, our model’s fitness
landscape is simplified to two variants separated by genetic distance, which may not fully capture the complexity
of RNA virus evolution that includes multiple strains and clades. This simplification is due to our focus on the
theoretical analysis of virus emergence, competition, and extinction, rather than specific diseases. Extensions to
more complex models or including actual antigenic maps for variants are possible for specific diseases [59]. Lastly,
we do not account for mobility and climate effects on variant dynamics. These areas were explored in other
studies through the modulation of the infection rate [60-62], as well as in our recent adaptation of the model to
study influenza co-circulation dynamics [49]. Finally, we focused exclusively on the effect of symmetrical cross-
immunity in this study. The impact of asymmetrical cross-immunity can be explored by modifying the formula
used in the radial basis function in ¢, (y, dp). Asymmetrical cross-immunity can provide a survival advantage to
certain variants, enabling them to outcompete others. The above-mentioned limitations were considered allow
the interpretation of the model’s prediction and to derive general insights which can be applied to a wide range
of diseases. In forthcoming studies, we will use the current model to explore formulations for multivalent vaccines
that are most effective against each type of variant.
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